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Abstract: Traditional methods based on field campaigns are generally used to assess the performance
of irrigation schemes in Burkina Faso, resulting in labor-intensive, time-consuming, and costly
processes. Despite their extensive application for such performance assessment, remote sensing
(RS)-based approaches remain very much underutilized in Burkina Faso. Using multi-temporal
Landsat images within the Python module for the Surface Energy Balance Algorithm for Land model,
we investigated the spatiotemporal performance patterns of the Kou Valley irrigation scheme (KVIS)
during two consecutive cropping seasons. Four performance indicators (depleted fraction, relative
evapotranspiration, uniformity of water consumption, and crop water productivity) for rice, maize,
and sweet potato were calculated and compared against standard values. Overall, the performance
of the KVIS varied depending on year, crop, and the crop’s geographical position in the irrigation
scheme. A gradient of spatially varied relative evapotranspiration was observed across the scheme,
with the uniformity of water consumption being fair to good. Although rice was the most cultivated,
a shift to more sweet potato farming could be adopted to benefit more from irrigation, given the
relatively good performance achieved by this crop. Our findings ascertain the potential of such
RS-based cost-effective methodologies to serve as basis for improved irrigation water management
in decision support tools.
Keywords: water management; food security; climate variability; SEBAL; sub-Saharan Africa
1. Introduction
Water resources for irrigation are increasingly becoming scarce in many parts of the world due
to a rapidly growing world population, pressure on water resources, and competing demands from
other sectors (industrial and domestic sectors) [1–4]. In many countries, particularly in sub-Saharan
African countries, irrigated agriculture is critical to the national economy, food security, and the
livelihoods of local communities [5–7]. In Burkina Faso, the development of hydro-agricultural areas,
consisting of small to medium water reservoirs and irrigated schemes, to cope with the impacts
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of year-to-year rainfall variability on crop production has put substantial pressure on available water
for irrigation [8,9]. The need for a more efficient use of water resources has become a paramount
concern for the sustainability of agricultural production.
The performance assessment of irrigation schemes has been an integral part of water management
to set benchmarks, improve system operations, assess the impacts of interventions and constraints,
and assess progress towards strategic goals [10,11]. Such assessments are conducted by defining
and quantifying key indicators and analyzing progress towards the goals [12,13]. Data requirements,
however, are high and data are rarely collected or are unreliable or not readily accessible [10,14].
These data include meteorological data (e.g., rainfall, actual and potential evapotranspiration),
discharge measurements, crop information (e.g., cultural coefficients, crop water requirements, biomass
growth), topography, and soil data. In countries such as Burkina Faso, traditional methods based on
field campaigns and surveys are generally used to assess the performance of irrigation schemes, making
the process labor-intensive, time-consuming, and often expansive [7,15–17]. To make performance
assessment more time and cost efficient, novel techniques and approaches are required. Satellite
remote sensing (RS)-based approaches have been explored as cost-effective alternatives (see reviews
in [14,18,19]). In general, RS can provide spatially explicit and objective information across different
spatial (ranging from individual fields to watersheds) and temporal scales [14]. With the ongoing
developments in RS data processing capacity and the availability of high temporal (real-time imagery)
and spatial resolution data, RS-based approaches for assessing irrigation performance are more than
crucial in data-scarce regions or countries such as Burkina Faso.
Several studies have been carried out to assess the performance of irrigation schemes under
various environmental and management conditions using RS-based approaches (for examples,
see [20–25]). For instance, Ref. [20] used RS data from the National Oceanic and Atmospheric
Administration–Advanced Very High Resolution Radiometer (NOAA-AVHRR), complemented with in
situ measurements, to monitor the performance of the Nilo Coelho scheme (which includes perennial
fruit tree irrigation) in Brazil. In [21], researchers proposed an approach based on remote sensing data
at a high level of spatio-temporal detail (i.e., Landsat-5 and Landsat-7 normalized difference vegetation
index (NDVI) data and solar radiation data derived from the land surface analysis satellite applications
facility) to assess the performance of a 800-km2 rice-based irrigation system in Mali. Despite the
extensive application of RS-based approaches for investigating the performance of irrigation schemes
and guiding irrigation water management, such methodologies remain very much underutilized
operationally in Burkina Faso. For instance, Refs. [16,17] used field monitoring and survey data to
assess the performance of irrigated agricultural areas for paddy rice farming across the Kou Valley
irrigation scheme (KVIS) during the early 2000s (in the former study) and for green bean, maize, and
onion farming around two Burkinabe water reservoirs, the Savili and Mogtédo reservoirs (in the latter
study). Both studies emphasized the necessity of better knowledge of the evolution of performance
levels for timely and effective remedial actions.
The aim of this study was to assess the irrigation performance of the KVIS using satellite remote
sensing-derived indicators. This study will focus on diagnostic performance indicators with the purpose
of detecting areas with good and poor performance across the KVIS. The Python module for the
Surface Energy Balance Algorithm for Land model (PySEBAL) was applied to fourteen high-resolution
Landsat images obtained during the dry season production periods in 2013 and 2014 to estimate the
actual evapotranspiration (ETa) and biomass at different temporal scales. Before proceeding with the
calculations of performance indicators and subsequent analyses, we assessed the quality of the estimated
PySEBAL-ETa values by comparing those from the Food and Agricultural Organization of the United
Nations Water Productivity Open-access portal (FAO-WaPOR). Estimated PySEBAL-ETa and biomass
were then used to analyze four performance indicators (i.e., the relative evapotranspiration, depleted
fraction, uniformity of water consumption, and crop water productivity) for rice (Oryza glaberrima),
maize (Zea mays L.), and sweet potato (Ipomoea batatas). The findings of this study could provide
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valuable insights for guiding agricultural advisory services for the KVIS and ascertain the potential
use of such a cost-effective approach for improving irrigation water management in Burkina Faso.
2. Materials and Methods
2.1. Study Area
Built in 1973, the KVIS is a 1200-ha irrigation scheme divided into eight blocks (Figure 1A) and is
characterized by a diversity of crops, including cereals, tubers, and vegetables. The KVIS is located
in the Kou watershed in southwest Burkina Faso. The Kou watershed is relatively rich in water
resources due to several perennial water sources (Figure S1) [3,16]. It is characterized by a sub-humid
climate [26,27] with two main climatic seasons: a rainy season from June to September followed by a
dry season from October to May [27]. Monthly temperatures vary between 18 ◦C and 37 ◦C on average,
and relative humidity values range from 20 to 80% depending on the season [27]. The average annual
rainfall varies between 900 and 1100 mm, with an annual potential evapotranspiration of 2000 mm on
average [16,28].
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The Kou River and its tributaries drain the watershed area. From the headwork, water is 
gravitationally conveyed through a feeder canal at flow rates of 1.4 and 3.5 m3 s−1 on average during 
the dry and rainy seasons, respectively [3]. A hierarchical irrigation canal system from primary to 
quaternary canals allocates water across the scheme area (Figure 1A).  
Six dominant soil types are found across the KVIS [16,29]: clay, clay loam, sandy clay, sandy clay 
loam, loam, and sandy loam (Figure 1B). More than 1300 farmers are reported to work at the KVIS 
(as of 2018; pers. comm. Lassané Kaboré). Individual farmer plot sizes vary between 0.2 and 1.5 ha, 
with gravity-fed surface irrigation being practiced across the scheme.  
The KVIS has seen its performance decline over recent decades due to a combination of 
unfavorable weather conditions, a lack of maintenance of hydraulic infrastructures, poor agronomic 
management, and organizational failure [16,29–31]. Indeed, all the eight blocks were exploited until 
the discontinuation of financial supports and the transfer of the scheme management to the Water 
Users Association (WUA) in the early 1990s. The WUA is the local organization of farmers exploiting 
the KVIS, which comprises more than 1300 farmers as of 2018 (pers. comm. Lassané Kaboré). The 
scheme management transfer to the WUA led to a decline in maintenance works and the under and/or 
improper exploitation of the blocks, namely blocks 7 and 8 (Figure 1A) [32]. Examples of improper 
Figure 1. Distribution of irrigation canals and blocks (A) and dominant soil types per plot (B) at the
Kou Valley irrigation scheme, Burkina Faso. Adapted from [29].
The Kou River and its tributaries drain the watershed area. From the headwork, water is
gravitationally conveyed through a feeder canal at flow rates of 1.4 and 3.5 m3 s−1 on average during
the dry and rainy seasons, respectively [3]. A hierarchical irrigation canal system from primary to
quaternary canals allocates water across the scheme area (Figure 1A).
Six dominant soil types are found across the KVIS [16,29]: clay, clay loam, sandy clay, sandy clay
loam, loam, and sandy loam (Figure 1B). More than 1300 farmers are reported to work at the KVIS
(as of 2018; pers. comm. Lassané Kaboré). Individual farmer plot sizes vary between 0.2 and 1.5 ha,
with gravity-fed surface irrigation being practiced across the scheme.
The KVIS has seen its performance decline over recent decades due to a combination of
unfavorable weather conditions, a lack of maintenance of hydraulic infrastructures, poor agronomic
management, and organizational failure [16,29–31]. Indeed, all the eight blocks were exploited until the
discontinuation of financial supports and the transfer of the scheme management to the Water Users
Association (WUA) in the early 1990s. The WUA is the local organization of farmers exploiting the
KVIS, which comprises more than 1300 farmers as of 2018 (pers. comm. Lassané Kaboré). The scheme
management transfer to the WUA led to a decline in maintenance works and the under and/or improper
exploitation of the blocks, namely blocks 7 and 8 (Figure 1A) [32]. Examples of improper exploitation
include the use of the soil as a construction material (i.e., bricks), which may have caused substantial
soil fertility losses and affected the gravity-fed irrigation system. The KVIS has been fully operational
agai since 2009.
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2.2. The Python Module for the Surface Energy Balance Algorithm for Land Model (PySEBAL)
The Python module for the Surface Energy Balance Algorithm for Land model (PySEBAL)
(version 3.4.4.2) was developed by the IHE-Delft Institute for Water Education. It is freely available
from https://pypi.org/project/SEBAL/. The PySEBAL model calculates the surface energy balance for
the day that the satellite image was acquired independently from the land use [33,34], based on the
inputs derived from the satellite images (i.e., NDVI, soil-adjusted vegetation index, soil emissivity,
surface albedo, leaf area index, and surface temperature), along with weather and digital elevation
model data. The outputs of PySEBAL include the actual evapotranspiration (ETa), crop coefficients
(Kc), and biomass at the daily time scale (i.e., day of RS image acquisition).
ETa values were derived as residuals of the surface energy balance. Crop coefficients were estimated
as the ratios between ETa and reference evapotranspiration (ET0), with the latter being calculated
using the FAO-56 Penman–Monteith equation [35,36]. Daily biomass productions were estimated as
a function of the fraction of absorbed photosynthetically active radiation, photosynthetically active
radiation, and light use efficiency [37]. For more details on the SEBAL model and procedures to
interpolate daily results between the periods and estimate dekadal (10-day period) and seasonal
outputs, reference is made to [37–39].
One of the main advantages of the PySEBAL model is its automatic internal calibration, particularly
regarding the selection of the driest and wettest pixels. The expected error from the automated
calibration procedures when applied to climates in semiarid areas with dry summers (as was the case
in this study) is approximately 10% less than that from a manual calibration carried out by experienced,
cognizant users [40].
2.3. Comparisons of Estimated ETa Values Using PySEBAL to the FAO-WaPOR Products
Although the SEBAL model was found to satisfactorily estimate daily ETa (deviations up
to 2.0 mm day−1 when compared to ground data) over the savannah area of the Volta basin
in West Africa, which encompasses our study area [41,42], in this study, before proceeding
with the calculations of performance indicators and subsequent analyses, we assessed the
quality of the estimated PySEBAL-ETa values by comparing them to those from FAO-WaPOR
(version 1.0; https://wapor.apps.fao.org/home/WAPOR_2/1). FAO-WaPOR uses satellite data to
produce agricultural land and water productivity data at three spatial levels: continental (250 m
spatial resolution), country and river basin (100 m spatial resolution), and sub-national (30 m spatial
resolution). Evapotranspiration values at different temporal scales are determined using the FAO-56
Penman–Monteith equation and satellite-derived data through the ETLook model. A description of
the ETLook model is provided in [43]. The satellite data are from the Moderate Resolution Imaging
Spectroradiometer (MODIS) and Advanced Microwave Scanning Radiometer (AMSRE) sensors.
FAO-WaPOR data have been qualitatively assessed by checking the consistency of the different layers
using various independent data sources [44]. Dekadal and seasonal ETa data at a 250-m resolution
for the study period were retrieved from the FAO-WaPOR’s data portal (https://wapor.apps.fao.org).
For the spatial comparison, PySEBAL-ETa data were resampled to a 250-m spatial resolution to
match those of FAO-WaPOR using the nearest neighbor algorithm implemented in QGIS software
(version 2.18.27). The root mean square error (RMSE) and the coefficient of determination (R2) were
used as statistical indicators to assess the comparisons.
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2.4. Irrigation Performance Indicators
Four performance indicators were evaluated in our study: depleted fraction, relative
evapotranspiration (ETrel), uniformity of water consumption, and crop water productivity (CWP).
These indicators were based on the lists proposed by the International Commission on Irrigation and
Drainage [12,14,45]. Depleted fractions were estimated for the entire KVIS because of the lack of detailed
irrigation supply data at the plot scale during the study period, and following the recommendations
of [46,47] for such particular cases. The remaining three indicators (uniformity of water consumption,
ETrel, and CWP) were determined for each of the three crops.
2.4.1. Depleted Fraction
The depleted fraction is used to characterize the gross water balance of irrigable areas [46–48].





where Rain is the rainfall (mm) and Vc is the volume of irrigation supply (mm). Irrigation supply data
of the main canal were used.
In this study, depleted fractions were calculated at a dekadal time step over January–April 2013
and 2014. Following [46], we assumed that depleted fractions ranging from 0.6 to 0.8 were indicative
of good performance; the opposite for values less than 0.6.
2.4.2. Relative Evapotranspiration (ETrel)






where ETa refers to the actual evapotranspiration (mm) estimated using PySEBAL and ET0 refers to
the FAO-56 Penman–Monteith reference evapotranspiration (mm).
A common problem while determining ETrel thresholds for performance indicators is the diversity
of genotype responses according to the environment [50]. One genotype does not always have the same
phenotypic characteristics in all environments. Likewise, different genotypes may respond differently
to a specific environment [50,51]. Following previous studies [52–54], we considered an ETrel equal to
or greater than 0.75 as the threshold for a good performance. Values below 0.75 were indicative of
poor performance.
2.4.3. Uniformity of Water Consumption
The uniformity of water consumption was described using the coefficient of variation (CV) of
ETa [55]. In our study, we adopted the ranges of CV values suggested by [20,49] to characterize the
uniformity of water consumption across an irrigated area. An ETa CV of less than 10 is indicative of a
good uniformity of water consumption, whereas fair and poor uniformities of water consumption are
indicated by ETa CV values ranging from 10 to 25 and values greater than 25, respectively.
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2.4.4. Crop Water Productivity (CWP)
Different concepts of CWP exist. For instance, CWP can be defined as the ratio between
a defined crop variable (e.g., yield) and the amount of water depleted (usually limited to crop
evapotranspiration) [56], or as the gain in biomass or yield per unit of evapotranspiration or irrigation
depth [57]. Following the latter definition, we referred to CWP in this study as the ratio between crop





The crop yield was estimated as a function of the biomass, harvest index, and crop grain (or tuber)




where Yield corresponds to grain or tuber yield (kg ha−1); HI is the harvest index (unitless); Biomass is
the biomass estimated using PySEBAL (kg ha−1); and Moist is the moisture content of the crop grain
(or tuber) at harvest (%). The harvest index values and grain/tuber moisture contents used in this study
are presented in Section 2.5.3.
No official records of observed crop yields per plot were available during the study period because
there were not regular updates of the crop yield databases every season. Only the average yields
for the three crops recorded between 2008 and 2014 were provided. These values were 4.0, 2.5, and
15.7 t ha−1 for paddy rice, maize, and sweet potato, respectively [8,58]. Thus, we did not carry out any
detailed comparison analysis to evaluate the quality yield estimations using PySEBAL. To provide an
idea of yield levels which could be expected given the common crop management practices across the
KVIS (e.g., low fertilizer rates applied) and for comparison purposes, we considered the lowest values
of potential yields provided by [59] (for rice) and [60] (for maize and sweet potato). That is, 5.0, 4.0,
and 20.0 t ha−1, respectively, for paddy rice, maize, and sweet potato.
Various CWP values of rice, maize, and sweet potato were found in the literature, depending
on the cultivars, cropping regions, and management practices. For example, the ranges of the CWP
of rice and maize were 0.6 to 1.6 kg m−3 and 1.2 to 2.3 kg m−3 [61,62], respectively. Following the
recommendations from [61,62], we assumed in this study CWP values of 0.6, 1.2, and 4 kg m−3 as
thresholds for rice, maize, and sweet potato, respectively, to characterize good performance. That is,
CWP values less than the threshold were indicative of poor performance; the opposite for values equal
to or greater than the threshold.
A schematic diagram describing the approach used in this study to assess the irrigation performance
of the KVIS during the critical irrigation period (January–April) of the 2013 and 2014 cropping seasons
is presented in Figure 2.
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Figure 2. Schematic flowchart describing the approach used for assessing irrigation performance in the
Kou Valley irrigation scheme.
2.5. Data
2.5.1. Landsat Images
Multi-temporal clear-sky images from the instruments Landsat-7 ETM+ and Landsat-8 Operational
Land Imager (OLI) and Thermal Infrared Sensor (TIRS) w re used in this study (Table 1). They
wer retrieved from the website https://earthexplorer.usg .gov/. Data pre-processing, including
data resampling (i.e., upscaling 100-m spatial resolution data to 30-m spatial resolution data),
atmospheric corr ctions, the handling of digital elev tion model (DEM) data, and cloud mask
creation, wa p formed within PySEBAL [63].
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Table 1. Landsat images from scene P197R052 used for assessing irrigation performance in the Kou
Valley irrigation scheme during the study period 2013–2014.
Dry Season 2013 Dry Season 2014
No. AcquisitionDate Sensor
1 No. AcquisitionDate Sensor
1 02/01/2013 LE7 1 28/12/2013 LC8
2 18/01/2013 LE7 2 29/01/2014 LC8
3 03/02/2013 LE7 3 14/02/2014 LC8
4 07/03/2013 LE7 4 18/03/2014 LC8
5 08/04/2013 LE7 5 03/04/2014 LC8
6 09/04/2013 LC8 6 19/04/2014 LC8
7 03/06/2013 LC8 7 21/05/2014 LC8
1 LE7: Landsat-7 ETM+. LC8: Landsat-8 OLI/TIRS. All data analyses and mapping were carried out using QGIS
software (version 2.18.27) (https://qgis.org/) and ArcGIS software (version 10.4) [64].
Given the existence of wedge-shaped scan-to-scan gaps on both sides of each scene in
Landsat-7 ETM+, with resulting data loss [65], these stripes were filled using the mask bands
provided along with the downloaded data. In [66], it was pointed out that, for ETa calculation from
Landsat-7 ETM+ bands, filling the band gaps produces more consistent ETa products within the
stripe gaps than filling the final ETa products. Hence, prior to ETa calculations, the gaps in each
Landsat-7 ETM+ band were filled using the Inverse Distance Weighting interpolation algorithm [67,68].
2.5.2. Weather and DEM Data
Weather data at 3-hourly and daily time steps for air temperature, wind speed, relative humidity,
and solar radiation during 2013 and 2014 were used. Air temperature, wind speed, and relative
humidity data were sourced from a synoptic weather station, located about 25 km southeast of the
KVIS. Solar radiation data were retrieved from the website http://www.soda-pro.com. Daily weather
data were used in REF-ET software (version 4.1) for calculating ET0 [36]. The 3-hourly weather data
were used in PySEBAL for calculating ETa.
DEM data at a 30-m spatial resolution were used in the correction process of surface temperature in
PySEBAL, given the changes in temperatures according to elevation and slope. DEM data were sourced
from the U.S. National Aeronautics and Space Administration (NASA) Shuttle Radar Topography
Mission (SRTM).
2.5.3. Ground Data
Daily water flow rates (i.e., irrigation supply of the feeder canal of the KVIS), dekadal rainfall
rates, HI, and grain/tuber moisture content for paddy rice, maize, and sweet potato were used. Water
flow and rainfall rate data for the study period (Figure 3), measured at the feeder canal, were obtained
from the management team of the KVIS [58]. Data of water lost by drainage and percolation were not
available during the study period.
HI and grain/tuber moisture content data were retrieved from the literature [62,69–71]. HI and
grain/tuber moisture contents (Table 2) were chosen within the range of reported values to reflect the
common crop management practices across the KVIS.
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occur in January. The growth cycles for maize, sweet potato, and rice cultivars vary between 80 and 
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Figure 3. Water flow rates of the main canal (A) and rainfall rates (B) in the Kou Valley irrigation
scheme during the study period.
Table 2. Values of harvest index (HI) and moisture content for paddy rice, maize, and sweet potato
used in this study. HI and moisture contents were chosen to reflect the common crop management
practices across the Kou Valley irrigation scheme.
Crops




Values Authors Values Values Authors Values
Rice 0.40–0.50 [69] 0.45 15–20 [69] 17
Maize 0.30–0.40 [62] 0.35 18–24 [70] 22
Sweet Potato 0.75–0.85 [71] 0.8 75–80 [62] 80
The critical period of irrigation typically spans January to April, with rice nursery starting in
December followed by transplantation in January. Maize sowing and sweet potato planting also occur
in January. The growth cycles for maize, sweet potato, and rice cultivars vary between 80 and 100 days,
90 and 100 days, and 90 and 120 days, respectively. Harvests for all three crops generally take place
in May. New Rice for Africa (NERICA) varieties (potential paddy yields of 5.0 to 7.0 t ha−1), maize
composite varieties (i.e., Barka and Espoir; with potential yield levels ranging from 4.0 to 6.5 t ha−1),
and local varieties of sweet potato (potent al yield levels ranging from 20.0 to 30.0 t ha−1) were grown
in th KVIS during the study period [59,60].
During the study period, rice was generally cultivated in the southern parts of th KVIS; maize
plots were across the centr l to northeastern pa ts of he scheme; and swee potato was most y
cultivated i the central parts f the scheme (Figure 4). The areas sown with rice, maize, and sweet
potato were 452, 369, and 113 ha, respectively, during 2013. The respecti values during 2014 were
317, 232, and 175 ha [58,72].
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where ETa values from flux towers were compared to FAO-WaPOR data [44]. FAO-WaPOR uses a 
global atmospheric model to supply meteorological data. The limitations of such a methodology 
include the uncertainties related to the spatial variability and spatial resolution of these data. For 
instance, temperature data have a spatial resolution of 0.25 degrees (~28 km at the equator). Data for 
atmospheric transmissivity have a 4-km spatial resolution, and Landsat images a 30-m spatial 
resolution for the bands used. Moreover, in FAO-WaPOR, gaps and anomalies are filled using a 
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3. Results
3.1. Comparisons between FAO-WaPOR and PySEBAL ETa
The comparisons between FAO-WaPOR and PySEBAL ETa at the dekadal and seasonal scales
for the two dry season production periods are presented in Figure 5. For the 2013 period, PySEBAL
seemed o slightly underestimate ETa value t both t mporal scales, with RMSE = 1 mm and 150 mm
for th dekadal and seasonal estimations, r pectively. In 2014, good agreements were found with
RMSEs of 3.6 mm nd 64 mm, and R2 of 0.74 and 0.70 for the dekadal and s asonal estimations,
respectively (Figure 5). These results are in line with the rep r ed conclusio s of studies in Senegal,
wher ETa values from flux towers were compared to FAO-WaPOR data [44]. FAO-WaPOR uses
a global atmospheric odel supply meteorological data. The limitations of such a methodology
include the uncertainties related to the spatial vari bility and spatial resolution of these data. For
instanc , temperature data have a spa ial resolution of 0.25 degrees (~28 km at he equator). D for
atmospheric transmissivity have a 4-km spatial resoluti n, and Landsat images 30-m spatial resolution
for the bands used. Moreover, in FAO-WaPOR, gap and anomalies are filled using a smoothing
method, which can co trib t to errors. Despite the underestimation observed in 2013, which ca be
related to thes systematic errors within FAO-WaPOR [44,73], and, to some exte t, to the quality of
Landsat 7 ETM+ images, PySEBAL seemed t satisfactorily estimate ETa values across the KVIS.
The relatively higher values of ETa in 2014 (Figure 5) can be rela ed to various factors, including
crop management practices, water availability, and the weather. For instance, the difference in total
cropped areas between 2013 and 2014 (934 ha and 724 ha, respectively) might have played a role
in water availability to meet crop water needs during the study period, with more water virtually
available in 2014. Although this could also explain the underestimation found with FAO-WaPOR in
2013, further research is required for a better understanding of such differences.
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3.2. Seasonal Actual Evapotranspiration and Yield 
Relatively higher ETa values were observed in 2014 compared to 2013. In 2014, the average value 
was 619 mm (range = 239–794 mm); in 2013, the average value was 554 mm (range = 178–750 mm) 
(Figure 6). When analyzing the results according to crop type, the average values were quite similar 
for maize and sweet potato plots, whereas those in rice plots were relatively higher. In 2013, the 
average ETa values were 551 and 546 mm in maize and sweet potato plots, respectively; the 
corresponding values in 2014 were 621 and 636 mm, respectively (Table 3; Figure 6). Values in rice 
Figure 5. Comparisons between the Food and Agricultural Organization of the United Nations Water
Productivity (FAO-WaPOR) and Python module for the Surface Energy Balance Algorithm for Land
model (PySEBAL) derived actual evapotranspiration (ETa) at the dekadal and seasonal scales at the
Kou Valley irrigation scheme during the dry season production period in 2013 and 2014. Comparisons
at the dekadal scale were performed for the entire irrigation scheme, while those at the seasonal scale
were performed on a pixel basis for the entire scheme. Dashed lines in the sub-figures represent the
1:1 line.
3.2. Seasonal Actual Evapotranspiration and Yield
Relatively higher ETa values were observed in 2014 compared to 2013. In 2014, the average value
was 619 mm (range = 239–794 mm); in 2013, the average value was 554 mm (range = 178–750 mm)
(Figure 6). When analyzing the results according to crop type, the average values were quite similar for
maize and sweet potato plots, whereas those in rice plots were relatively higher. In 2013, the average
ETa values were 551 and 546 mm in maize and sweet potato plots, respectively; the corresponding
values in 2014 were 621 and 636 mm, respectively (Table 3; Figure 6). Values in rice plots were on
average 635 and 709 mm in 2013 and 2014, respectively (Table 3; Figure 6). Between 2013 and 2014,
ETa increased by up to 12%, 13%, and 16% for rice, maize, and sweet potato, respectively.
ISPRS Int. J. Geo-Inf. 2020, 9, 484 12 of 23
 12 of 24 
 
 
ISPRS Int. J. Geo-Inf. 2020, 9, x; doi: FOR PEER REVIEW www.mdpi.com/journal/ijgi 
 
plots were on average 635 and 709 mm in 2013 and 2014, respectively (Table 3; Figure 6). Between 
2013 and 2014, ETa increased by up to 12%, 13%, and 16% for rice, maize, and sweet potato, 
respectively. 
 
Figure 6. Seasonal ETa for rice, maize, and sweet potato plots across the Kou Valley irrigation scheme 
during the dry season production period in 2013 and 2014. 
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   Rice Maize Sweet Potato 
ETa (mm)     
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  mean 635 551 546 
  max 750 713 712 
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  mean 709 621 636 
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Figure 6. Seasonal ETa for rice, maize, and sweet potato plots across the Kou Valley irrigation scheme
during the dry season production period in 2013 and 2014.
Table 3. Ranges of estimated ETa and yields for paddy rice, maize, and sweet potato during the dry
season production periods in 2013 and 2014. The change rates of estimated ETa and yields between
2013 and 2014 are provided.
Rice Maize Sweet Potato
ETa (mm)
2013 min 210 241 297
mean 635 551 546
max 750 713 712
2014 min 398 443 478
mean 709 621 636
ax 793 750 778
Change rate (%) +12 +13 +16
Estimated yield (t ha−1)
2013 min 0.40 0.40 6.10
mean 3.39 2.20 12.0
max 7.30 4.80 28.7
2014 min 1.30 0.70 6.50
mean 4.20 2.30 18.4
max 8.70 4.30 37.1
Change rate (%) +23 +3 +53
The estimated yields were on average 2.2, 3.39, and 12.0, t ha−1 in 2013 for maize, paddy rice, and
sweet potato, respectively (Table 3). In 2014, the respective estimated yields increased by up to 3%,
ISPRS Int. J. Geo-Inf. 2020, 9, 484 13 of 23
23%, and 53% (Table 3). The spatial distribution of the estimated yields for each of the crops during the
two seasons is presented in Figure 7.
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mixed results depending on the year and crop (Table 4). For rice and sweet potato, there were areas 
across the KVIS where irrigation resulted in good performance, namely in 2014, with the estimated 
yields greater than the indicative standards. For instance, in 80% of the area planted with sweet potato 
in 2014, the estimated yield was greater or equal to the average yield observed during the 2008–2014 
period (Table 4). Although the estimated maize yields were generally below the indicative standard 
in both years, there were plots in the southern parts of the irrigation scheme with estimated yields ≥ 
4.0 t ha−1 (Figure 7). Note that in 2014, there were differences in rice transplanting dates for some plots 
(15 to 20% of plots concerned; pers. comm. Lassané Kaboré), resulting in differences in maturity and 
Figure 7. Estimated yields for rice, maize, and sweet potato plots across the Kou Valley irrigation
scheme during the dry season production period in 2013 and 2014.
Comparing the estimated yields against the corresponding indicative values, the analysis shows
mixed results depending on the year and crop (Table 4). For rice and sweet potato, there were areas
across the KVIS where irrigation resulted in good performance, namely in 2014, with the estimated
yields greater than the indicative standards. For instance, in 80% of the area planted with sweet potato
in 2014, the estimated yield was greater or equal to the average yield observed during the 2008–2014
period (Table 4). Although the estimated maize yields were generally below the indicative standard
in both years, there were plots in the southern parts of the irrigation scheme with estimated yields
≥ 4.0 t ha−1 (Figure 7). Note that in 2014, there were differences in rice transplanting dates for some
plots (15 to 20% of plots concerned; pers. comm. Lassané Kaboré), resulting in differences in maturity
and harvest dates. The yield estimates at the end of the monitoring period in 2014 thus did not include
those plots.
ISPRS Int. J. Geo-Inf. 2020, 9, 484 14 of 23
Table 4. Ranges of estimated yield and proportions of crop areas with good performance in terms
of yield for rice, maize, and sweet potato in the Kou Valley irrigation scheme during the dry season
production periods in 2013 and 2014.
Rice Maize Sweet Potato
Total pixels (count) 2013 5034 4069 1277
2014 3540 2598 1940
Standards for good
performance (SV) (t ha−1) 5.0 4.0 20.0
Proportion of pixels with
values ≥ SV (%)
2013 2.0 0.3 0.7
2014 18 0.2 31
Observed average yield (TY)
(t ha−1) 4.0 2.5 15.7
Proportion of pixels with
yield ≥ TY (%)
2013 17 18 12
2014 54 37 80
3.3. Irrigation Performance Indicators
3.3.1. Depleted Fractions
The KVIS was generally characterized by three temporal patterns of depleted fractions during
each of the critical irrigation periods in 2013 and 2014 (Figure 8). Up to day of year (DOY) 65 in 2013 and
DOY 50 in 2014, poor performance of the irrigation scheme was observed. This was followed by good
performance from DOY 66 to 105 in 2013 and DOY 51 to 110 in 2014. Then, depleted fractions below 0.6
were again found during the late-season crop stages. At mid-season, with crops reaching in most cases
their full leaf area development, there was an increase in ETa. Depleted fractions greater than 0.6, as
observed in both years, suggest a good use of irrigation water supply during the mid-season. During
late-season crop stages, crop water needs decrease naturally because of leaf senescence. Irrigation
supply was no longer required during this period, at least for the three major crops of maize, rice,
and sweet potato.
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Figure 8. Variations of depleted fractions across the Kou Valley irrigation scheme during the dry 
season periods in 2013 and 2014. The thresholds for distinguishing between poor and good 
performance are indicated by the dashed lines. 
3.3.2. Relative Evapotranspiration 
Figure 8. Variations of depl ted fractions across the Kou Valley irrigation scheme during the dry season
period i 2013 and 2014. The thresholds for distinguishing betwee poor and go d performance are
indicated by the dashed lines.
3.3.2. Relative Evapotranspiration
A northward gradient of spatially varying ETrel was observed across the KVIS, resulting in four
main crop areas according to the degree of water stress (Figure 9). Very highly water-stressed areas were
dominant in the northern parts of the irrigation scheme (blocks 7 and 8). Highly water-stressed areas
were found predominantly in the southern parts of the former areas (blocks 6 and 5). Across the central
parts of the scheme, there were generally moderately water-stressed areas (block 4), and well-watered
areas were observed in the southern parts of the irrigation scheme (blocks 2 and 3). Such variability
can be related to soil types and the number of upstream water users. Indeed, around 25% of water
supplied to the KVIS is lost due to the informal and uncontrolled water use upstream [3,27].
ISPRS Int. J. Geo-Inf. 2020, 9, 484 15 of 23
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Figure 9. Spatial distribution of the seasonal relative evapotranspiration (ETrel) across the Kou Valley 
irrigation scheme during the dry season production period in 2013 and 2014. 
When analyzing the ETrel for each of the three crops, the results showed similar patterns for all 
crops: increasing ETrel from the start to the end of the season for all crops in 2013 (Figure 10); slight 
decreases up to DOY 55, followed by an increasing trend for all crops in 2014 (Figure 10). ETrel for 
maize and sweet potato was similar over most of the two seasons. In 2014, good indicators were 
generally observed for rice and sweet potato over the whole season (Figure 10). In 2013, good 
indicators (ETrel > 0.75) were found for rice from DOY 50 onwards. Those of maize and sweet potato 
were found a bit later in the season, from DOY 70 onwards. The decreases observed early in the 2014 
season, at least for rice, can be attributed to the dissimilarity of growth stages across the irrigation 
scheme. Given the water scarcity observed in 2013, some farmers did not follow the recommended 
crop calendars for the 2014 cropping season, resulting in various sowing and transplanting dates, 
and subsequent uneven development. An example of rice plots with different growth stages across 
the KVIS during 2014 is presented in Figure S2. 
i re 9. S atial istri ti f t e seas al relati e e a tra s irati ( re ) acr ss t e alle
irrigation sche e during the dry season production period in 2013 and 2014.
When analyzing the ETrel for each of the three crops, the results showed similar patterns for all
crops: increasing ETrel from the start to the end of the season for all crops in 2013 (Figure 10); slight
decreases up to DOY 55, followed by an increasing trend for all crops in 2014 (Figure 10). ETrel for
maize and sweet potato was similar over most of the two seasons. In 2014, good indicators were
generally observed for rice and sweet potato over the whole season (Figure 10). In 2013, good indicators
(ETrel > 0.75) were found for rice from DOY 50 onwards. Those of maize and sweet potato were found a
bit later in the season, from DOY 70 onwards. The decreases observed early in the 2014 season, at least
for rice, can be attributed to the dissimilarity of growth stages across the irrigation scheme. Given the
water scarcity observed in 2013, some farmers did not follow the recommended crop calendars for the
2014 cropping season, resulting in various sowing and transplanting dates, and subsequent uneven
development. An example of rice plots with different growth stages across the KVIS during 2014 is
presented in Figure S2.  16 of 24 
 
 
ISPRS Int. J. Geo-Inf. 2020, 9, x; doi: FOR PEER REVIEW www.mdpi.com/journal/ijgi 
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3.3.3. Uniformity of Water Consumption 
Different patterns of the uniformity of water consumption were observed depending on the 
year. In 2013, the uniformity of water consumption was fair for all crops (Figure 11). The variability 
of ETa increased noticeably for sweet potato, from 10% to 20% CV, for DOY up to 100, before 
decreasing to 14% at around DOY 120. The variability of ETa for maize and rice varied between 10% 
and 15% throughout the four-month monitoring period (Figure 11). In 2014, the variability of ETa did 
not exceed 15% during the whole monitoring period. The patterns of uniformity of water 
consumption for all three crops were similar: fair uniformity up to DOY 60, followed by good 
uniformity from DOY 60 onwards (Figure 11). These results should be interpreted cautiously since 
water lost by drainage and percolation was not considered in the analysis due to the lack of such data 
during the study period. 
 
Figure 11. Variations of the uniformity of water consumption for paddy rice, maize, and sweet potato 
during January-April 2013 and 2014. The coefficient of variations (CV) of ETa was used to characterize 
the uniformity of water consumption. Dashed lines represent the thresholds for distinguishing 
between irrigated areas with poor, fair, or good uniformity of water consumption. 
3.3.4. Estimated Crop Water Productivities 
Various CWPs were observed across the KVIS according to the crop during the study period 
(Figure 12). In 2013, CWPs were on average 0.53, 0.42, and 2.25 kg m−3 for paddy rice, maize, and 
sweet potato, respectively (Figure 12; Table 5). In 2014, there was an increase in CWP for paddy rice 
and sweet potato, and a decrease for maize. The average values were 0.59, 0.38, and 2.89 kg m−3 for 
rice, maize, and sweet potato, respectively (Figure 12; Table 5). Across the KVIS, there were plots 
Figure 10. Variation of the relative evapotranspiration of paddy rice, maize, and sweet potato crops in
KVIS during Janu ry–April 2013 and 2014. D shed lines represent the thresholds for distinguishing
between irrigated areas with oor or good performance.
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3.3.3. Uniformity of Water Consumption
Different patterns of the uniformity of water consumption were observed depending on the year.
In 2013, the uniformity of water consumption was fair for all crops (Figure 11). The variability of ETa
increased noticeably for sweet potato, from 10% to 20% CV, for DOY up to 100, before decreasing
to 14% at around DOY 120. The variability of ETa for maize and rice varied between 10% and 15%
throughout the four-month monitoring period (Figure 11). In 2014, the variability of ETa did not exceed
15% during the whole monitoring period. The patterns of uniformity of water consumption for all
three crops were similar: fair uniformity up to DOY 60, followed by good uniformity from DOY 60
onwards (Figure 11). These results should be interpreted cautiously since water lost by drainage and
percolation was not considered in the analysis due to the lack of such data during the study period.
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(Figure 12). In 2013, CWPs were on average 0.53, 0.42, and 2.25 kg m−3 for paddy rice, maize, and 
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Figure 11. Variations of the uniformity of water consumption for paddy rice, maize, and sweet potato
during Janu ry–April 2013 and 2014. The coefficient of var ations (CV) of ETa w s used to characterize
the uniformity of water consumption. Dashed lin s represent the thresh lds for distinguishing between
irrigated areas with poo , fair, or good uniformity of wat r consumption.
3.3.4. Estimated Crop Water Productivities
Various CWPs were observed across the KVIS according to the crop during the study period
(Figure 12). In 2013, CWPs were on average 0.53, 0.42, and 2.25 kg m−3 for paddy rice, maize, and sweet
potato, respectively (Figure 12; Table 5). In 2014, there was an increase in CWP for paddy rice and
sweet potato, and a decrease for maize. The average values were 0.59, 0.38, and 2.89 kg m−3 for rice,
maize, and sweet potato, respectively (Figure 12; Table 5). Across the KVIS, there were plots with
more than double the average CWP, irrespective of the crop. The maximum estimated CWPs were
1.30 kg m−3 for rice (estimated in 2014), 0.92 kg m−3 for maize (estimated in 2013), and 5.86 kg m−3 for
sweet potato (estimated in 2014) (Figure 12; Table 5).
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scheme during the dry season production periods in 2013 and 2014. 
        Rice Maize Sweet Potato 
Range of estimated CWP 2013 min 0.15 0.10 1.02 
  mean 0.53 0.42 2.25 
 
 max 1.09 0.92 4.40 
2014 min 0.31 0.16 1.31 
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Figure 12. Spatial distributions of estimated crop water productivity for paddy rice, maize, and
sweet potato across the Kou Valley irrigation scheme during the dry season production period in 2013
and 2014.
Table 5. Ranges of estimated crop water productivity (CWP), and proportions of crop areas with good
irrigation performance in terms of CWP for rice, maize, and sweet potato in the Kou Valley irrigation
scheme during the dry season production periods in 2013 and 2014.
Rice Maize Sweet Potato
Range of estimated
CWP 2013 min 0.15 0.10 1.02
mean 0.53 0.42 2.25
max 1.09 0.92 4.40
2014 min 0.31 0.16 1.31
mean 0.59 0.38 2.89
max 1.30 0.76 5.86
Total pixels (count) 2013 5034 4069 1277
2014 3540 2598 1940
Standards for good
performance 0.60 1.20 4.00
Proportion of pixels
with values ≥ SV (%)
2013 22 0 0.2
2014 42 0 3
4. Discussion
Using satellite RS-derived information, we assessed the spatial–temporal patterns of irrigation
performance of the Kou Valley irrigation scheme during the dry season production periods in 2013
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and 2014, based on four indicators. The comparison between the PySEBAL-estimated ETa for maize
and reported values shows good agreement. In [74], a range of 200–1000 mm for ETa in irrigated
maize was reported in their review. In this study, the corresponding range was 241–750 mm during the
two seasons (Table 3). That of rice (210–793 mm; Table 3) was relatively below the reported range of
400–800 mm [74]. Such low ETa values for rice can be related to the differences in cultivars and crop
management practices.
Conversely, whilst the estimated CWPs for rice were similar to those reported in previous
studies [16,74,75], those for maize were lower compared to the average values reported by [74]
(the range being from 1.1 to 2.7 kg m−3). Such differences can be related to differences in soil fertility,
crop management practices, and water availability during the study period. Considering the optimum
values of key nutrient rates and irrigation water to maximize CWP [74], the typically low rates of
nutrients (i.e., urea and blended NPK) applied across the KVIS [16,75] could have explained the CWP
found in this study. Furthermore, crop yields were estimated using fixed HI values in PySEBAL, which
implies a linear relationship between biomass production and yields. However, under field conditions,
biomass production and harvest index varied depending on the timing and the magnitude of biotic
and abiotic stresses [40,76]. Using fixed HI values could have led to biases in the estimated crop yields.
Hence, the estimated values and related indicators must be considered as indicative and interpreted
cautiously. Nevertheless, the consistency of our results with those derived from field data, at least for
rice [16,75], showed that the RS-based approach can be an alternative for the time- and cost-efficient
assessment of irrigation performance in the study region.
Low values for depleted fractions were observed during the study period, suggesting noticeable
water losses through drainage and percolation. The continuous flow of water for irrigation from the
Kou River, coupled with the irrigation method practiced in the KVIS, was conducive to such losses,
particularly during the growth stages with low water requirements. There is a need for alternative
water-saving methods, such as equipping farmers with more water storage systems to better handle
water excess. Soil types, water availability, and crop and water management practices affected the
actual and relative evapotranspiration across the KVIS. A follow-up analysis related to the relationships
between the spatial variability of the relative evapotranspiration, soil types, DEM, and plot distance
from the scheme inlet analysis is underway. The outcomes of this analysis will be the subject of an
upcoming paper.
Maize was initially promoted across the KVIS to help farmers face water scarcity [29]. However, this
crop did not reach its full potential during the study period: values greater than or equal to the target
average yield were found in only 18% (2013) and 37% (2014) of land areas planted with maize (Table 4).
Similar results were observed for rice in 2013. In 2014, sweet potato outperformed the two other crops
in terms of areas with good yields. The poor performance achieved by maize and rice seems to have
been captured by farmers, with less areas planted with rice or maize between 2013 and 2014 (~30% and
36% decrease for rice and maize, respectively) and more areas planted with sweet potato (52% increase
between the two years) (see total pixel count in Table 4). There are opportunities to improve maize
and rice productivity through a better management of fertilization and a compliance to recommended
crop calendars.
This study focused on diagnostic performance indicators with the purpose of detecting areas with
good and poor performance across the KVIS. Because of a lack of observations, comparisons were
performed using indicative standard values, calling for caution in the interpretation of such results.
In [77,78], region-specific optimal CWP values when setting benchmarks for comparison purposes
are recommended. Various reasons, including climate conditions and soil properties, can affect CWP
from one region to another [77]. Moreover, it remains unclear whether a higher CWP value in one
location indicates a more desirable situation than a lower CWP value in another location [77]. Future
research could aim at determining benchmark CWP values under local conditions across the KVIS for
improving such a performance assessment.
ISPRS Int. J. Geo-Inf. 2020, 9, 484 19 of 23
The ranges of irrigation performance indicators found for the KVIS highlight the various issues
encountered across this scheme, as well as the challenges for its good management. Such insightful
information about the spatio-temporal patterns of irrigation performance can help in engaging with
the WUA for an improved management of the irrigation scheme. Furthermore, the methodology
applied in this study could be replicated readily using different sources of RS satellite images,
such as Copernicus-Sentinel-2 or Copernicus-Sentinel-1, in combination with radar imaging to enable
better ETa estimations under cloudy conditions. Despite the potential of such a methodology to help
managers and other decision makers improve water management in data-scarce areas, the success
of RS applications for land and irrigation water management remains limited in Burkina Faso for
various reasons. Irrigation scheme managers, consultants, and policy makers are usually not aware of
such opportunities [14] or the products developed are often not user driven [79]. To overcome this
challenge, more case studies involving all the stakeholders (from farmers to scheme managers to policy
makers) need to be undertaken to increase their awareness and build and/or strengthen their capacity.
Such activities can be done through the existing private–public partnerships [3]. Another solution to
overcome barriers for adopting such RS-based methodologies could be the implementation of RS and
GIS units within the scheme management services.
5. Conclusions
Given the increasing pressure on water for agricultural irrigation, coupled with unpredictable
climate conditions, and with the lack of resources to carry out regular performance assessment
for irrigation schemes, the use of cost-effective methodologies is critically important to improve
irrigation water management and sustain crop production. We investigated the irrigation performance
of the Kou Valley irrigation scheme during the dry season cultivation periods in 2013 and 2014
based on four indicators derived from Landsat satellite images. Employing the PySEBAL model,
irrigation performance indicators, such as the depleted fraction, relative evapotranspiration, uniformity
of water consumption, and crop water productivity for three crops (maize, rice, and sweet potato), were
computed to provide more insights into the spatio-temporal patterns of the irrigation performance.
The study showed spatially different crop areas depending on the level of water stress (from very
high water stress to moderately stressed to well-watered crop areas) across the KVIS, with below-par
performance according to each crop. It also indicated that irrigation water management needs to be
improved, namely during the early and late crop phenological stages. Such findings could guide
the management team and farmers’ organizations for appropriate measures to improve the overall
performance of the irrigation scheme with the aim to increase crop yields and farmers’ incomes.
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growth stages of rice observed during the 2014 cropping season in the Kou Valley irrigation scheme.
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